Abstract: Lower extremity exoskeleton robot can assist the person standing and walking which are important functions for the disabled or old people who can not make move by themselves. The priority task for exoskeleton robot is to get the movement intentions of wearer. This paper proposes an intention estimation method of lower limbs motion based on multi-types signals including surface electromyography (sEMG) and 3-axis acceleration data. 5 channels sEMG and 3-axis acceleration were collected at the 5 same points from able-bodied and the disabled people respectively. After preprocessed and normalized, different features were extracted from the obtained signals. Support vector machine (SVM) was utilized for motion classification, where features of sEMG signals and acceleration signals were taken as input respectively. We also tested the fusion features of the both signals. Furthermore, compared experiments were carried for the disabled and normal people. Results demonstrated that the proposed method was effective for able-bodied people, while the accuracy of the method for disabled people need to be further improved.
INTRODUCTION
With the development of biological science and great improvement of sensor technology, more and more successful achievements were made in the studies of assistive technology field. A large number of researchers have studied the movements of the human body executed by specific segments. For any kinds of signals, different motions generated different characterizations, which can be used to identify different motions [1] . Recently, the majority researchers focused on reaching higher classification accuracies for motion intentions recognition [2] . In 2010, Hiroshi Kawata et al. of the university of tsukuba applied the classification method of neural network to identify 7 kinds of human gesture, and reached 95% recognition rate [3] . Huseyin Atakan Varol et al. of Vanderbilt university controlled the joint angle of the legs successfully with two pieces of muscle electromyographic signals with absolute error of 6.2 degrees or so [4] . Daniel Olgu et al. recognized sitting, run, squatting, walking, standing, crawling, lying by acceleration sensors. The Hidden Markov Model (HMM) algorithm was introduced to the recognition with 92.13% accuracy [5] . Liang Xiubo et al. predicted 70 kinds of motions by using 3-axis acceleration sensor, and the average recognition rate was more than 90% [6] . Yu -Jin Hong et al. applied the decision tree classifier to recognize 18 lower limb daily movements, and recognition rate was reached 92.58% [7] [8] .
As showed in Fig. 1 , the basic process of motion recognition includes data preprocessing, feature extraction and classification. The feature extraction is one of most important procedures for the question of motion intention. The commonly used features were time domain features, such as the mean absolute value, root mean square, the maxima and minima values of signals [9] , and so on. The frequency domain features were obtained by used the signal transformation in the frequency range. The commonly used transfer methods were the Fourier transform, auto-regressive coefficients. Recently, the computing methods of time-frequency domain features were developed rapidly, including wavelet transform and wavelet packet transform [10] . For motion recognition, various classifiers can be used [11] , such as linear discriminant analysis (LDA), artificial neural networks (ANN), and support vector machine (SVM). The LDA classifier is simple to establish and the training time is fast. The method of Artificial Neural Network (ANN) is good at dealing with nonlinear problems. However, classifiers based on SVM have more advantages. The model learning speed of SVM is faster than LDA and ANN. Besides, it was more convenient to handle and the established models were more generalized. In this paper, we collected the sEMG and acceleration signals at the same time from the disabled and normal people, respectively. In our experiments, the 10 common motions were selected. These motions listed below: sit, standing, stand up, sit down, walk, stretch the knee, dorsiflexion and plantar flexion, squat, jump. In total, five sEMG sensors were used in the experiment. The corresponding five thigh muscles are the research objects, including rectus muscle, shares lateral muscle tibialis anterior muscle, half rippling muscles, and the calf muscles. Before the experiment, the thigh skin was rubbed with alcohol to provide good condition of signal quality. The experiment was showed in Fig.2 . 
Filtering and Preprocessing
The sensor signals were acquired and processed by Matlab software. Considering a lot of noise in original signals, we need to remove the noise of the signal, firstly. The sEMG signals were filtered by bandpass filter (10-500 Hz). In addition, we have smoothed the signals with low pass filter. The detailed smoothing process can be calculated as follow:
( ) x i is the initial element, ( ) y i is smooth data element, 2 1 N + is the length of the smooth window. By experimental verification, we can better smoothing effect when 4 N = , and no too much details to lost. Then, using the output of ( ( ) ( ))
y i x i − compare to a threshold set before. If the output is higher than the threshold, ( ) y i is the outliers. We delete ( ) y i and use the average of ( ( 1) ( 1)) y i y i − + + to substitute. The results of smoothing were showed in Fig. 3 . Fig.3 The comparison of the initial signals and smoothed signals
FEATURE EXTRACTION
The goal of feature extraction is to obtain the unique characteristics of signal so that the features can reflect the motion pattern of low limb. Four kinds of features were calculated within a 64ms sliding window, and the sliding time is 16ms. The detailed computing formulas were showed below: 1) Mean Absolute Value (MAV):
Where ( ) y i is the output signal of last procedure.
2) Zero crossing (ZC):
N n ZC y n y n y n y n threshold
The threshold equals zero.
3) The Autoregressive Coefficients:
( ) s n is a p order AR model. k a is the k th AR coefficient and the innovation ( ) e n is regarded as the Gaussian white noise. In this paper, we set 4 p = .
4) Power Spectrum Coefficient:
First, transform the sensor signals into the frequency range using the Digital Fast Fourier Transformation. 
CLASSIFICATION METHOD
The classifier of Support Vector Machine was used to classify lower limb movement in this recognition experiment. SVM has some advantages: firstly, it just needs a small amount of sample for specific situation so that the speed of training is faster. Secondly, the algorithm will eventually be transformed into a quadratic optimization problem, so it can obtain better global optimal point in theory. Thirdly, when the dimension becomes higher, the complexity of the training algorithm increased little. To sum up, the SVM classifier was suitable for our study. The principle of support vector machine is based on maximizing the margin between the two data sets. It seeks an optimal hyperplane to separate two data sets. The algorithm convert feature vector to high-dimensional feature space by non-linear transformation. In high-dimensional space, it can construct a linear discriminant function to achieve to identify the non-linear discriminant function in the original space. Fig.7 illustrates a simple situation of SVM. The samples are mapped to high-dimensional feature space from the original space by using a nonlinear function. The optimal decision function in this high-dimensional feature space is a linear estimation function and it can be expressed: The constructed training samples with each motion class labels were fed into the SVM classifier to train a model. The trained model can be used for testing the new samples. In our study, we randomly selected 75% of the samples as the training samples and the others were testing samples.
RESULTS AND DISCUSSION
At first, we separately used the features from the electromyography signal and the features from the acceleration signal for training SVM model. Then, we fused the features of the both signals to train a model. The 2/ results of classification were shown in table 1. We can see that the recognition rate of fusion features was better than Table1. Comparison of different sample recognition rate the others. The best average rate was up to 95.24%. Overall, the recognition accuracy of acceleration was a little bit better than it of Electromyography. This maybe because that the noise of acceleration signal was small. From the Fig.3 we can see that acceleration signal was smoother than the sEMG. The results with fusion feature were steady for all the tested motions. However, the results of electromyography feature and acceleration feature were not. The tests with acceleration feature for stretch the knee, dorsiflexion and plantar flexion are worse. By contrast, the results of stretch the knee with electromyography feature were better. A similar situation has also occurred in motion of squat, stand up and sit down. The Fig.8 and Fig.9 illustrated the reasons. The error hit rate among squat, stand up and sit down was higher. Because both the amplitude and changing rule of the electromyography signal for squat are similar with sit down and stand up. A person's signal amplitude of squat may be equivalent to another's stand up and sit down signal amplitude. Dorsiflexion and plantar flexion have similar situations. The electromyography features among stretch the knee, dorsiflexion and plantar flexion are different, but movement way and movement angle are similar. Then some of theirs' acceleration features are very similar to each other. The large error hit rate among them was the reason that they have low hit rate. The hit rate of jump is high, because the amplitude of its signal is much higher than other values, and the way of its movement which doesn't need the swing of the leg is simple. Experiment also compared the recognition rate of six kinds of motions between disabled people and normal person. But the results of the disabled are worse, as it is shown in table 2. Next, many problems remain to be research to improve the recognition rate of the disabled signal. 
Table2. Comparison of disabled people and normal person

CONCLUSION
The article has recognized low limb motion with different kinds of signal. The results show: Firstly, the recognition rate of fusion feature was better than non-fusion feature. Lower limbs motion pattern classification with the method of multi-features fusion can be used to control exoskeleton robot. Secondly, we found some reasons why the recognition rates of some motion were low. Mistakes among some motions are higher. The next further research will be conducted to reduce cross miscalculation. Thirdly, the model we trained wasn't suitable for disabled people. want to obtain good hit rate of the disabled, we have to train the model separately.
